Background. Environmental contexts have been shown to predict health behaviours and outcomes either directly or via interaction with individual risk factors. In this paper, we created indexes of socioeconomic disadvantage (SEDI) and socioeconomic advantage (SAI) in Singapore to test the applicability of these concepts in an Asian context. These indices can be used for health service resource allocation, research and advocacy.
Introduction
In developed countries, various areal measures of socioeconomic status have been created, such as the Socio-Economic Indices for Australia (SEIFA) in Australia (Castles, 1994) , Carstairs index in the UK (Carstairs, 1995; Morris and Carstairs, 1991) , as well as indices in United States (Krieger et al., 1997) and New Zealand (Crampton et al., 1997) . Such indices are useful to health practitioners and administrators for a number of reasons; mainly in the areas of resource allocation, research and advocacy. They can be used to determine funding formula for primary healthcare services, social services, relating socioeconomic status with health outcomes and risk factors/behaviours, as well as aid community-based service providers in terms of pricing and pitching the appropriate services for communities with different socioeconomic status. The use of such indices has not been studied in an Asian context where cultural norms and environmental contexts may significantly alter the usefulness of SEDI or SAI. We use Singapore as an example for testing the conceptual applicability of these indices in a highly urban, Asian setting.
In Australia, increasing geographical socioeconomic disadvantage has been shown to be positively associated with mortality as well as hospital admissions for acute coronary syndromes, lower rates of interventions such as angiographies and interventional angiographies (Beard et al., 2008) . Geographical socioeconomic disadvantage has also been shown to be related to small-for-gestational age births (Beard et al., 2009) , subjects who are overweight (van Lenthe and Mackenbach, 2002 ), children's mental health use (van der Linden et al., 2003) , incidence of coronary heart disease (Sundquist et al., 2004) , maternal depressive symptoms (Mulvaney and Kendrick, 2005) as well as risk factors for adverse health outcomes such as smoking (Duncan et al., 1999) . However, there have also been negative findings in studies examining the association between neighbourhood deprivation and health outcomes. An English study found that the neighbourhood context in which a mother lives has no impact on the risk of gestational diabetes (Janghorbani et al., 2006) , while another study found no effect of neighbourhood deprivation and health behaviours such as exercise levels among older people (Fox et al., 2011) .
Individual and areal measures may also measure different aspects of socioeconomic status that may be positively or negatively correlated with health outcomes. For instance, two birth defect studies compared individually measured socioeconomic status (SES) with areal measures, and concluded that the effects of individual versus areal measures were mixed. One study found a significant effect of lower individual socioeconomic status and residence in an SES-lower neighbourhood on the occurrence of neural tube defects (Wasserman et al., 1998) . On the other hand, a study of neural tube and facial clefts showed an increased risk for low SES households but not at the individual level (Croen and Shaw, 1995) .
The motivation for this research came from our earlier attempt to model the association between individual items of socioeconomic status from the Singapore census with Out-of-Hospital Cardiac Arrests (OHCA) from a nation-wide registry (Ong et al., 2011) . We found that demographic variables, but not individual socioeconomic variables, to be associated with OHCA, which was contrary to our initial hypothesis. We suspect this was due to a large number of individual variables included in the model, and highlighted the need for an index to measure areal disadvantage. Such an index has not been developed for Asian countries, and its applicability/validity therefore remains unproven. The aim of our study was therefore to create a small area socioeconomic disadvantage index (SEDI), as well as an index of socioeconomic advantage (SAI) for Singapore, and to assess the validity of such indices in an Asian sociocultural context.
Materials and methods
We obtained socioeconomic data from the most recent Singapore census done in 2010. The Census of Population is conducted once in 10 years by the Singapore Department of Statistics, and data is based on a person's place of usual residence. To collect additional information not available from administrative sources, some 200,000 households were selected to participate in the sample enumeration via telephone, face-to-face interviews as well as the internet, and the census data was subjected to strict quality control checks and audits (Department of Statistics, Ministry of Trade and Industry, 2010) .
For the purposes of our analysis, we used the following variables, which were indicative of socioeconomic status: housing type, highest educational level, literacy level, occupational categories, industries employed in, and personal and household income. For creating the SEDI index, we started with 23 variables, while for the SAI index, 11 variables were initially included. The SEDI has more variables mainly because there were more occupational categories for the lower socioeconomic group (Appendix 1).
The data was available at the Singapore Master Plan geographical boundary level, which is used by the Urban Redevelopment Plan (URA) authorities for town planning purposes. The URA, which is the government agency responsible for the urban planning of Singapore, released a geographical map of Singapore with demarcations of the various towns (also called master plan areas) in 2008 (Urban Redevelopment Authority, Singapore). The areal zones represented mainly residential areas (32 towns), as well as water catchment areas and smaller islands which are primarily used for commercial/army training purposes.
We used principal component analysis (PCA) to create the SEDI and SAI (Jollife, 1986) . PCA is a data reduction technique that is used to summarise a large number of variables into a smaller group, collectively known as a principal component. A structured and iterative process was used to identify and include influential variables for inclusion in the final index as described below, mostly similar to that used in Australia (Statistics, 2006):
Step 1.
Initial variable list
For each index, we created an initial variable list, which was based on information available from the census stratified by the geographical master plan regions. These were variables that were areal measures of socioeconomic disadvantage/ disadvantage Step 2. Creating variables
For each master plan, we computed variables as proportions. For instance, in Ang Mo Kio, we calculated the proportion of residents living in public housing 3 rooms or below. These proportions were then standardised to have a mean of 0 and standard deviation of 1. This was done to prevent variables with larger prevalence from having an undue influence on the overall index.
Step 3. Removing correlated variables Next, highly correlated variables were removed to prevent instability in the variable weights. Generally, when two variables had a correlation coefficient greater than |0.9|, we removed one of them. However, in cases where we hypothesised that two different aspects of socioeconomic status were being represented, e.g. proportion cleaners and labourers (education) with proportion with household income less than S$4000 (income), we included both variables.
Step 4. Principal component analysis (PCA)
The next step involved conducting the PCA on the set of variables identified from above, to obtain the variable loading for each variable on the first principal component. We opted not to perform component rotation, as a previous paper had found limited usefulness in creating these indices (Australian Bureau of Statistics, 2006) . The variable loading is essentially the correlation coefficient between each variable and the component.
Step 5. Removing low loading variables
Starting from the variable with the lowest loading, we removed variables one at a time whenever their loading was below |0.2|. We used a threshold of 0.2 instead of 0.3 as suggested in the Australian model, in order to preserve known markers of socioeconomic status (such as proportion of people staying in a 3-room and below type of housing) in the model.
Step 6. Standardising the indices
The first principal component score for each master plan area was derived by taking the product of each standardised variable with its respective weight, and then summing across all variables. We standardised the scores across all master plan areas in Singapore, to a mean of 100 and standard deviation of 10 for ease of presentation. Due to the small sample size, we also performed bootstrap analysis to calculate the bias-corrected 95% confidence intervals for the scores.
The above steps were undertaken to create both the SEDI and SAI. We also performed a range of sensitivity analyses by categorising the variables with the different categories, and examining model fit via computing the proportion of variation explained by the model. The final indices were then grouped into quartiles, and the results displayed in maps for ease of presentation. In order to validate the indices, we correlated our data with the Singapore Residential Price Index (SRPI) (Institute of Real Estate Studies, National University of Singapore, 2010) , which contained non-landed private residential market capitalisation by value, stratified by postal districts. Data analysis was performed in Stata V11.0 (Stata Corp, College Station, Tx, USA), and level of significance set at 5%. Maps were created using Arc-GIS software (ArcGIS9, ESRI, Redlands, California).
Results
Singapore is an island state with a total land area of 700 km 2 .
Based on the latest census data, Singapore's total population was 5.08 million as at end-June 2010, out of which there were 3.77 million Singapore residents. The areas with the largest group of Singapore residents are Bedok (294,500), followed by Jurong West (267,500) and Tampines (261,700), and areas like Sengkang, Jurong West and Punggol registering high rate of population growth between 2000 and 2010 (Department of Statistics, Ministry of Trade and Industry, 2010). For the socioeconomic disadvantage index (SEDI), we started with 23 variables from the census (Appendix 1). Proportion working in the services sector was removed as it was highly negatively correlated with proportion working in the goods-producing industry (rho = − 1). Proportion working as production craftsmen and related workers was also removed because it was highly positively correlated with proportion working as plant & machine operators & assemblers (rho = 0.96). After a series of principal component analyses, the number of variables was reduced to the following 12 variables, namely proportion: 1) living in public housing 3 rooms and below, 2) educational level primary and below, 3) illiterate, 4) unemployed, 5) working in construction industry, 6) working in hotels and restaurants, 7) clerical workers, 8) service and sales workers, 9) plant & machine operators & assemblers, 10) cleaners, labourers & related workers, 11) monthly personal income less than S$2500 and 12) household monthly income less than S$4000.
Collectively, the variables explained about 67.1% of the total variation. The areas with the 3 highest SEDI values were Outram (120.1), followed by Rochor (111.0) and Downtown Core (110.4) ( Table 1) . On the other end of the scale, areas with a lowest scores were Newton (79.0), followed by Tanglin (79.3) and River Valley (79.4) (Fig. 1) .
Our creation of the socioeconomic advantage index (SAI), began with 11 variables measuring a number of dimensions of socioeconomic well-being. Several variables were significantly associated with each other (e.g. education and personal income, rho = 0.99), but we opted to keep them in, as they were measuring different dimensions of SES. After several iterations of PCA, we were left with the following 9 variables, namely proportion: 1) polytechnic/degree education and above, 2) monthly household income more than S$8000, 3) monthly personal income more than S$6000, 4) literate, 5) working in financial services, 6) working in business services, 7) senior officers and managers, 8) professionals and 9) condominiums and landed properties. These variables accounted for a total of 89.6% of variation in the outcome. Further details on the PCA, including factor loadings, eigenvalues, etc are provided in Appendix 2.
Areas with the top 3 SAI scores were Tanglin (126.7), River Valley (123.7) and Newton (123.5) ( Table 2) . On the other end of the scale, areas like Changi (91.0), Outram (91.5) and Rochor (93.1) scored the lowest, indicating lack of socioeconomic advantage (Fig. 2) . Histograms of SEDI and SAI are provided in Appendix 3.
For both indices, we performed several sensitivity analyses to assess whether the findings would differ if we had used different cutoffs for the income data, and inclusion/exclusion of categories within each variable. For SEDI, when we varied personal income (bS$2000 and b S$3000) and household income (bS$2000 and bS$3000), we found that the model only accounted for up to 66.3% of variation in data, as compared to the original 67.1%. When we substituted with 1-2 room flats and secondary education and below, the proportion was lower at 66.1% and 66.3% respectively. Similarly for SAI, there were marginal differences in the proportion of variation explained by the model when we varied household and personal income. Substituting with university education and 5 rooms and above resulted in poorer performances of the model (proportion of variation 89.2% versus 80.1% respectively).
There was a moderately strong negative correlation between SEDI and market capitalisation (rho = −0.63, p b 0.001), as well as a positive correlation between SAI and market capitalisation (rho = 0.69, p b 0.001), indicating that our indices are fairly robust in terms of measuring socioeconomic status of regions in Singapore (Fig. 3) .
Discussion
We believe that indices of socioeconomic disadvantage as well as advantage have not been created before in Asia, and our research bridges this gap in the literature by demonstrating the applicability of such indices in an Asian socio-cultural context. Publishing the data as well as maps will allow other local researchers to use this data in the analysis of disease outcomes as well as risk factors for disease. We expect that these indices may be useful in analyses of healthcare utilisation and resource allocation in similar dense metropolitan settings in Asia. Other indices such as the Townsend, Carstairs and SEIFA also make use of similar data reduction techniques such as the PCA, but have included different items available from their census data, depending on differing geographical and cultural needs. The following is a hypothetical example of the application of our indices to health service delivery in Singapore. 
Hypothetical application of SEDI and SAI
Participants of the national Health Promotion Board's various health screening activities (e.g. breast cancer, diabetes, and hypertension) can have their residential addresses geocoded onto the Singapore master plan regions. Suppose, we find that residents from Changi and Bukit Merah have a relatively higher risk of nonparticipation based on a spatial analysis. Let us also assume that a subsequent correlation was found with our indices of socioeconomic status. This provides useful evidence to policy-makers in two areas. Firstly, they can geographically target these two areas to improve on the uptake of future health screening activities. Secondly, they can rank and prioritise areas according to their socioeconomic score, so as to maximize their outreach programmes. This is especially useful when resources are limited and programmes may need to be implemented over a course of time.
We would like to add a word of caution in the interpretation of these indices. It should be noted that these scores reflect the disadvantage of areas that individuals reside in, rather than the individuals themselves. We did not include demographic variables such as age, sex and race in creating the disadvantage index, although these were available in the census data. The main reasons were because these are not directly amenable to change or influence, and were also not direct markers of deprivation (Australian Bureau of Statistics, 2006) . We analysed data at a relatively large areal level, when compared to the Australian data. It would have been ideal to analyse or create the indices at a finer postal code level. However, such data is not made available to researchers in Singapore. Thus, it is unlikely that the heterogeneity within each planning area can be demonstrated in our data. We have used the aggregated household income data in our analysis, but are unable to account for varying household needs (e.g. differing family size) in the model as we do not have access to the individual level census data.
Our sensitivity analyses showed that the models did not improve when we considered alternative cut-offs for personal and household income levels for both indices. Based on the latest household expenditure survey (Department of Statistics, Ministry of Trade and Investment, 2009), around 41% of households had household income of less than S$4000, which was the cut-off we used in our study, and the average monthly household expenditure was about S$3760. Changes to the categories included for the other variables like education and housing type also did not significantly change the findings.
We created two different indices that purportedly measure different aspects of socioeconomic well-being. The SEDI was created to measure socioeconomic disadvantage, while the SAI measures socioeconomic advantage. Despite the high negative correlation of −0.807 (Spearman correlation coefficient) between the two variables, a lack of disadvantage does not necessarily equate to advantage. We would recommend that investigators include both indices in their analysis, and let the data decide the relative contribution of each index. Due to the nonlinear distribution, we also recommend that these indices be categorised into quartiles or quintiles in the analysis, depending on the aim of the study and nature of data available.
Conclusion
We have successfully created indices to measure areal levels of socioeconomic disadvantage as well as advantage for Singapore, and have demonstrated their potential applicability in an Asian context. These indices can be used by clinicians and researchers, who can study the associations between morbidity and mortality of diseases as well as risk factors with socioeconomic status. In turn, this will help in resource allocation and geographically targeted health education/intervention programmes. 
